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MAREANOHabitat conservation, and hence conservation of biodiversity hinges on knowledge of the spatial distribution of
habitats, not least those that are particularly valuable or vulnerable. In offshore Norway, benthic habitats are
systematically surveyed and described by the national programme MAREANO (Marine AREAl database for
NOrwegian waters). Benthic habitats and biotopes are deﬁned in terms of the species composition of their
epibenthic megafauna. Some habitats are of special conservation interest on account of their intrinsic value
and/or vulnerability (e.g., long-lived species, rareness, to comply with international regulations such as
OSPAR). In Norway, off Nordland and Troms, the following habitats of special interest can be found: Umbellula
encrinus Stands, Radicipes sp. Meadows, Deep Sea Sponge Aggregations, Seapen and Burrowing Megafauna
Communities, Hard Bottom Coral Gardens. In this paper, we used underwater video data collected within the
MAREANO programme to deﬁne and describe benthic habitats and biotopes of special interest, and to map the
geographic distribution thereof by means of habitat modelling.
We ﬁrst evaluated the community structure of each habitat in the list using a SIMPROF test. We determined that
the class Deep Sea Sponge Aggregations, as deﬁned by OSPAR, had to be split into at least three classes. We then
re-deﬁned seven new types of ecological features, including habitats and biotopes that were sufﬁciently homo-
geneous. Then we modelled the spatial distributions of these habitats and biotopes using Conditional Inference
Forests. Since the purpose of the distribution maps is to support spatial planning we classiﬁed the heat maps
using density thresholds.
The accuracy of models ranged from fair to excellent. Hard Bottom Coral Gardens were the most rare habitat in
terms of total area predicted (224 km2, 0.3% of the area modelled), closely followed by Radicipes Meadows
(391 km2, 0.6%). Soft Bottom Demosponges (Geodid sponges and other taxa) represent the largest habitat,
with a predicted area of 9288 km2 (14%). Distribution maps of classes deﬁned by habitat-forming species
(Hard Bottom Coral Gardens) were more reliable than those deﬁned by a host of species, or where no single spe-
cieswas a clear habitat provider (e.g. Seapen and BurrowingMegafauna Communities).We also put forward that
a scale of patchiness larger than the scale of observation, and homogeneity of the community both play a role in
model performance, and hence inmap usefulness. These along with density threshold values based on observed
data should all be taken into account in marine classiﬁcations and habitat deﬁnitions.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Concepts like that of habitat have risen above others (e.g. species) in
political agendas primarily because habitats can be used as surrogates
for species distributions (Lindsay et al, 2008; Mumby et al., 2008)
which are the ultimate target of conservation efforts, while being
more readily described and documented. In addition, patterns in habitat
distribution can be observed at the scale where management occurs.
Hence, most governments now have a mandate to protect habitatsG. Gonzalez-Mirelis),
. This is an open access article underand/or related biological features (e.g. biotopes, ecosystems). Protecting
habitats is however conditional on knowing their spatial distribution;
therefore mapping the distribution of habitats paves the road to pre-
serving them,which in turn leads to conservation of biological diversity.
When survey data are costly to obtain, as is the case in seabed envi-
ronments, insight into the spatial distribution of habitats can be gained
by use of spatially-explicit modelling, particularly distribution model-
ling at the community level (Ferrier and Guisan, 2006). This approach
is similar to Species Distribution Modelling (Franklin, 2009) except a
suite of species aremodelled collectively, and it is also known as habitat
modelling. First, biota–environment relationships are derived from a set
of observational data. These relationships can easily be used to
make predictions about the biological properties (e.g., the speciesthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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made. When environmental data are available as map layers (i.e., full-
coverage and sufﬁcient resolution) a prediction can be made for every
single pixel across a study area. In this way, ‘wall-to-wall’ maps of
biota can be cost-effectively generated.
In the benthic realm the species composition of the epibenthic
megafaunal community, comprising all organisms living on the
sediment surface which are large enough to be visible to the naked
eye, can construe habitats and biotopes. Megafaunal habitats, or simply
benthic habitats are deﬁned by two components: (1) an environmental
setting characterized by the presence of one or more habitat-forming
species and (2) the whole host of species that co-occur with it. This ac-
ceptation of the word “habitat” is absolute rather than relative. In other
arenas habitat is understood as the type of environment where an or-
ganism lives, usually an animal, and is deﬁned relative to that organism
(hence the use of phrases such as “spotted-owl habitat”, or “Essential
Fish Habitat”). Benthic ecologists, instead, used the term “associated
fauna” to refer to the biota that utilize the resources and space procured
by the habitat-forming species. The terrestrial concept closest in
meaning would be that of vegetation types.
The term benthic habitat, however, has also beenwidely used in ref-
erence to areas that are simply homogeneous in terms of their geophys-
ical (abiotic) environment, particularly in the hydroacoustic literature
(e.g. Brown and Blondel, 2009, Jordan et al., 2005). This sense of the
word implies that to assign an area to a type of habitat no data on the
biota present in that area may be required; for example, “rocky reef”,
or “coarse unconsolidated substrate”. When this is the case another
concept is usually employed as a modiﬁer, that of biotope, to designate
units that can be characterized by a typical species assemblage in
addition to the type of substrate (e.g. “Mytilus edulis beds on sublittoral
sediment”, “Phragmatopoma lapidosa reefs on high energy sand”).
The biotope level is often the ﬁnal (most-detailed) level available in
marine classiﬁcations of ecosystems and communities (e.g. the Marine
Habitat Classiﬁcation for Britain and Ireland, Connor et al., 2004; the
Coastal and Marine Ecological Classiﬁcation Standard in the US, Federal
Geographic Data Committee, 2012). Biotope is usually deﬁned as the
sum of habitat, which in this case is taken to be the abiotic component,
and the species assemblage as the biotic component (Olenin and
Ducrotoy, 2006). Note that if the habitat is best described by something
of a biological, rather than geophysical nature (i.e., a habitat-forming
species) the terms biotope and habitat become undistinguishable. In
general, the term “habitat” can assume a wider range of meanings,
including referring simply to a naturally occurring, relatively homoge-
nous type of nature.
Norway has a programme in place to systematically collect ecologi-
cal data from the seabed and deﬁne, describe, and map the distribution
of benthic habitats and biotopes beyond the continental platform:
MAREANO (Marine AREAl database for NOrwegian waters). Among
other sampling tools the MAREANO programme operates an underwa-
ter video platformwhich yields geo-referenced, species occurrence data
covering nearly the whole range of species of epibenthic megafauna. In
this paper we use MAREANO video data to (1) test methods to deﬁne
and describe benthic habitats and biotopes of management interest,
and (2) map the geographic distribution of benthic habitats and bio-
topes by means of distribution modelling. The intended use of all the
data products generated is to support spatial management of Norwe-
gian offshore areas, with a view to conserving biological diversity rather
than understanding patterns of distribution.
2. Material and methods
2.1. Biological data
Under theMAREANO programme Norway has conducted over 1300
video transects using the Campod and Chimaera platforms. On average
the spacing between the video transects is 10 km (Buhl-Mortensenet al., 2015, van Son et al., in preparation), although more complex
areas can be sampled more densely. These transects are generally
700 m in length, occasionally longer. During each transect the video
platform, carrying a forward-looking, high deﬁnition, colour video cam-
era is towed behind the survey vessel at a speed of 0.7 knots, 1.5 m
above the seabed. Laser pointers allow calculating the width of the
ﬁeld of view of every video frame. Navigation data is collected via a
hydroacoustic positioning system and a transponder mounted on the
video platform.
In the laboratory, video footage is translated into quantitative,
species occurrence data. Every encountered organism is identiﬁed to
the most-detailed possible taxonomical resolution (generally species
level), and individually geo-referenced to approximately 5 m-accuracy.
The abundance of each occurrence of megafauna is also quantiﬁed for
the frame in view either as a count of individuals or percent cover,
taxon by taxon. Following video analysis, data can be pooled into
equal-length segments depending on the analysis scale of interest.
Final abundance for all fauna of interest is reported as density, where
area is calculated from the estimated values of ﬁeld width and the
length of the segment. Densities are standardized to numbers of
individuals (or colonies, where relevant) per 100 m2.
In this paper we used data from video transects conducted off
Nordland and Troms (Fig. 1) between 2006 and 2009. The area selec-
tion was dictated by management needs and is approximately
63,000 km2. The total number of video transects was 388. The species
occurrence data was pooled at a 200-m scale. Each transect yielded
3–5 point-locality samples, and the total number of samples (n)
was 1709.
Unfortunately, not all video data for the chosen area had been ana-
lyzed at the time of this study and a gap had to be ﬁlled in with spatial
predictions larger than the general spacing between the video transects
(see Fig. 1). The gap area is known to be similar in its biological compo-
sition to the adjacent areas and is not thought to contain any completely
unsampled communities or landscapes.While representativeness is not
believed to be compromised, predictions in that area will be affected by
a larger degree of uncertainty.
2.2. Habitat selection and assessment of species structure
We used three commonly-used criteria to prioritize marine benthic
habitats: being dominated by long-lived species, being unique in
Norway, or simply, being included in the OSPAR list of Threatened
and/or Declining Habitats (OSPAR, 2008). Habitat types used and the
list of taxa whose presence prescribes the presence of the habitat
(termed here “qualifying taxa”) are described in Table 1 and in the
Supplementary material. They are all considered highly vulnerable to
physical or mechanical damage by e.g. demersal ﬁshing gear, and
some host signiﬁcant biological diversity.
After removing from the dataset all samples which did not contain
any of the qualifying taxa we compared the species compositions be-
tween all pairs of samples within each class. We applied a SIMPROF
(Similarity Proﬁle) test (Clarke et al, 2008) to each subset. This test re-
sults in an assessment of whether there is any internal structure in a
group of samples. When the test is not signiﬁcant the group of sam-
ples is said to represent only one type of community (or is homoge-
neous in terms of its species composition) and further division is not
warranted.
2.3. Modelling habitats
For each habitat that was deemed homogeneous we created a
spatially-explicit dataset of the total abundance of all of the qualifying
species pooled together, which was used as the response variable
(total density of organisms/colonies of qualifying species). Samples
where none of the qualifying species were found for each habitat were
used as absence data. We reserved 677 samples for model evaluation.
Fig. 1.Map showing the general location of the area and the layout of the 388 sampled sites (video-surveyed stations).
Table 1
Habitat and biotope classes considered of special concern in offshore, Northern Norway.
Class Qualifying taxa Criterion
Umbellula Stands Umbellula encrinus Long-lived
species
Radicipes Meadows Radicipes cf. gracilis Red-listed
in Norway
Deep Sea Sponge
Aggregations
Fam. Axinellidae, Geodiidae, Mycaliidae,
Darwinellidae, Ancorinidae; class
Hexactinellida
OSPAR
Seapen and Burrowing
Megafauna
Communities
Funiculina quadrangularis,
Kophobelemnon stelliferum, Pennatula
sp. (and other pennatulaceans),
Virgularia spp.
OSPAR
Coral Gardens
(particularly, Hard
Bottom Coral
Gardens)
Paragorgia arborea, Paramuricea
placomus, Primnoa resedaeformis
OSPAR
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be as geographically isolated as possible to avoid inﬂatingmodel perfor-
mance measures on account of spatial autocorrelation.
The predictor data was derived from geophysical data collected
through hydroacoustic remote sensing techniques (multibeam
echosounder), from which environmental proxies can be derived and
stored digitally as Geographic Information System (GIS) layers. We
obtained depth, slope, topographic complexity (surface area), and land-
scape type from bathymetry data. Layers on sedimentary environment,
and dominant grain size were generated from backscatter data, aided
by expert interpretation and ground-truthed by video data (for details
see Bøe et al, 2010).
We used Conditional Inference Forests (CIF, Hothorn et al., 2006a,
2006b) to model habitat distribution. This method has been applied
to modelling of vegetation types (Czúcz et al., 2011) and benthic bio-
topes (Gonzalez-Mirelis & Lindegarth, 2012). As a machine-learning
method, it is data-driven rather thanmodel-driven, and it is based on
recursive partitioning. Recursive partitioning-based methods have
become popular owing to their ability to solve classiﬁcation
Table 2
Results from SIMPROF tests. A p-value b 0.05 (represented by the symbol "*") means that
samples represent more than one community.
Habitat SIMPROF test
p-value
(α= 0.05)
Final habitat type
Umbellula Stands 0.07 Umbellula Stands
Radicipes Meadows 0.29 RadicipesMeadows
Deep Sea Sponge
Aggregations
0.0001 (*) Hard bottom + Demospongiae
Soft bottom + Demospongiae
Other deep sea sponges, including
Hexactinellida (glass sponges)
Seapen and Burrowing
Megafauna Communities
0.12 Seapen and Burrowing Megafauna
Communities
Hard Bottom Coral Gardens 0.35 Hard Bottoms Coral Gardens
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are correlated, and relationships are non-linear (Strobl et al., 2008),
as is the case in ecology.
For each habitat/biotope we: ﬁt a CIF to the training data (n =
1032); used this model to predict the probability of presence (of any
of the species in the group) for every observation in the evaluation
dataset; and checked the observed presences and absences in the
evaluation dataset against the probabilities returned by the model to
compute a measure of model performance (see below). We approxi-
mately repeated this procedure to generate spatial predictions, except
that at this time we used the whole dataset (n = 1709), and we set
the model to predict values in the same scale as the response in the
data (density).
Accuracy of the models was measured by the AUC (area under
curve) of the ROC (receiver operating characteristic, Fielding and Bell,
1997). We have used the following system for classifying the accuracy
of each model: 0.9–1 = excellent, 0.8–0.9 = good, 0.7–0.8 = fair, 0.6–
0.7 = poor, and 0.5–0.6 = fail.
We implemented all analyses in R (R Core Team, 2012) with pack-
ages ‘vegan’ (Oksanen et al., 2013) and ‘party’ (Hothorn et al., 2006a,
2006b, Strobl et al., 2007, 2008).
2.4. Mapping distributions for spatial management
Plotting the predictions from the model in geographic space results
in a “heat map”. Management authorities, however, are often more
interested in crisp boundaries, which in turn allow implementation of
Marine Spatial Planning. Therefore, we had to convert the heat maps
to binary maps. To achieve this a decision on an appropriate threshold
value needs to be made.
We attempted to generate threshold values by splitting up all sam-
ples (within each habitat type) into density groups; ﬁt a separate
model for each subset (i.e., ﬁrst using only low-density samples, thenTable 3
Modelling results, including model performance as area under curve (AUC), prevalence of the
classify the heat maps, and variables that ranked ﬁrst and second as explanatory variables.
Habitat name AUC Prevalence (%) Maximum
(n/100 m
Umbellula Stands 0.85 0.3 6.4
Radicipes Meadow 0.99 0.1 239.8
Hard Bottom Demosponges 0.81 44.4 127.4
Soft Bottom Demosponges 0.80 37.7 258.3
Other deep sea sponges, including glass sponges 0.77 9.0 30.6
Seapens and Burrowing Megafauna 0.73 14.0 52.0
Hard Bottom Coral Gardens 0.85 4.0 44.4intermediate-density samples, etc.); and plot model performance
against density, where we expected an increase in performance at a
given density value. The assumption behind this approach was that
where the density of the species of interest is low the species should
be present by chance and patterns should be harder to detect, just as
if one were trying to model the distribution of a species outside of its
range. Unfortunately, for most habitats the number of samples was
not enough and this could only be implemented for the Seapens case.
All other thresholds were picked arbitrarily, only in reference to the
range of observed values and the total area predicted.
We also wanted to minimize overlap between the different habitats
at any given location. Two conditions were then applied for a pixel n to
be classiﬁed as habitat H: that the habitat of maximum predicted
density for pixel n isH, and that density is larger than selected threshold
for H. Lastly we ran a boundary clean algorithm, to remove single (or
very small groups of) pixels.
3. Results
Deep Sea Sponge Aggregationswere the only habitat that was found
to be heterogeneous, and itwas subdivided before beingmodelled. Sub-
division was according to the type of dominant substrate (hard versus
soft); a third sub-class of deep sea sponges was deﬁned in terms of
species composition (Table 2). These three new classes all had a homo-
geneous community structure (SIMPROF test not signiﬁcant).
Soft bottom, deep sea sponges (typically Geodid sponges) and
Radicipes sp. were the most densely-occurring qualifying species
observed in this area (Table 3), with upwards of 200 individuals (or
colonies) per 100 m2. Notwithstanding, sponges contribute much
more biomass than pigtail corals.
Model accuracies ranged from fair to excellent. The results from the
models for the ﬁnal seven classes are summarized in Table 3, and shown
in Figs. 2–8. Hard Bottom Coral Gardens were the most rare habitat in
terms of total area predicted (224 km2, 0.3% of the area modelled),
followed by Radicipes Meadows (391 km2, 0.6%). Hard Bottom Coral
Gardens also had the smallestmean patch size (2 km2). At the other ex-
treme, Soft BottomDemosponges (Geodid sponges and other taxa) rep-
resent the largest habitat, with a predicted area of 9288 km2 (14%). This
habitat also had the largest mean patch size (52 km2).
4. Discussion
Given sufﬁcient data and the right modelling technique any type of
ecological unit (from species to ecosystems) can be modelled in terms
of its spatial distribution. Model interpretation aside, the resulting
maps can be more, or less suited to support management decisions.
One fundamental aspect is how reliable was the model? Here we havequalifying species in the dataset, maximum observed density, density threshold used to
observed density
2)
Threshold used
(n/100 m2)
Top-two explanatory variables
0.06 Surface area
Depth
4.4 Landscape type sedimentary environment
5 Depth
Landscape type
6 Landscape type
Grain size
1 Sedimentary environment
Landscape type
2 Landscape type
Grain size
0.26 Landscape type
Surface area
Fig. 2. Distribution of Umbellula Stands; model performance is considered “good”. “High density” is deﬁned as above the threshold used for this biotope (0.06 colonies/100 m2), whether
observed or predicted.
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of how well the model discriminates presence from absence.
The best performingmodels were those for RadicipesMeadows, and
Umbellula Stands with AUC values of 0.99, and 0.85. These wereFig. 3. Distribution of Radicipes Meadows; model performance is considered “excellent”. “Hig
whether observed or predicted.conventional Species Distribution Models and their high performance
is a result (among other factors) of models dealing with a single species
and thus a uniform response (Zimmermann and Kienast, 1999). The
high accuracy of the Radicipesmodel can also be partly due to the lowh density” is deﬁned as above the threshold used for this biotope (4.4 colonies/100 m2),
Fig. 4. Distribution of hard-bottom, demosponge habitat; model performance is considered “good”. “High density” is deﬁned as above the threshold used for this habitat (5 individuals/
100 m2), whether observed or predicted.
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its absence. However, it is in fact known that this biotope is not present
outside the Bjørnøya slide area, as the data extends well beyond that lo-
cality. The limited distribution of this species and the fact that where itFig. 5.Distribution of soft-bottom, demosponge habitatwith shedded spicule carpet. This habita
as above the threshold used for this habitat (6 individuals/100 m2), whether observed or predoccurs it forms extensive, dense meadows makes this species easy to
model and the model particularly useful to deﬁne the boundaries of
the distribution range of this red-listed biotope (Lindgaard and
Henriksen, 2011).t is also known asOstur. Model performance is considered “good”. “Highdensity” is deﬁned
icted.
Fig. 6.Distribution of deep sea sponges including glass sponges;model performance is considered “fair”. “High density” is deﬁned as above the threshold used for this habitat (1 individual/
100 m2), whether observed or predicted.
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species are easier to model. Indeed, the next best model was Hard Bot-
tom Coral Gardens (AUC = 0.85). Only hard bottom gorgonians
can form habitats in the sense we have used here: that of providingFig. 7. Distribution of Seapen and Burrowing Megafauna; model performance is considered “
100 m2), whether observed or predicted.habitat for a range of larger organisms at the landscape scale (e.g.
Buhl-Mortensen and Mortensen, 2005, Buhl-Mortensen et al., 2010),
although certain types of Deep Sea Sponge Aggregations may be said
to provide similar functionality. Habitat-forming organisms can coverfair”. “High density” is deﬁned as above the threshold used for this biotope (2 colonies/
Fig. 8.Distribution of Hard Bottom Coral Gardens; model performance is considered “good”. “High density” is deﬁned as above the threshold used for this habitat (0.26 colonies/100m2),
whether observed or predicted.
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at this scale (hundreds of metres) leaving only small, randomly-
distributed gaps, much like vegetation does. A situation where the
scale of analysis is smaller than the size of the patch of the feature of
interest is known to be the optimal scenario to detect patterns from ob-
servational data (Fortin and Dale, 2005). The predictions from this
model can aid both in understanding the factors shaping the patterns
of distribution, and in selecting target areas for further investigation
and ultimately for protection of hard bottom gorgonian corals and
Coral Gardens.
Without a clear habitat-forming species, generally with large gaps
between occurrences (although extreme densities can also be ob-
served), and prescribed by a suite of different species it is perhaps not
surprising that the model for Seapens and Burrowing Megafauna had
the lowest performance (AUC = 0.73). This model simply conﬁrmed
the presence of these taxa in marine valleys ﬁlled with ﬁne sediment
(notice that the most important variables were landscape type and
grain size, Table 2). OSPAR-signatory countries, which have a responsi-
bility to preserve this biotope, would need tomake efforts to: better de-
ﬁne the biotope, andmodel it at the appropriate, possibly regional scale.
A non-signiﬁcant SIMPROF test effectively means here that only by
picking samples with the qualifying taxa present the same community
is being sampled; from this point of view, all of our qualifying taxa can
be called “indicator species”. By the same token, all these habitats and
biotopes are good surrogates for the qualifying taxa. If we further
assume that the level of signiﬁcance of the SIMPROF test is indicative
of the degree of homogeneity of the habitat, the Hard Bottom Coral
Gardens also have the most homogenous community structure
(p-value = 0.35, Table 1) Table 3. Bullimore et al (2013) found that
Coral Gardens off the UK encompass a wide range of different commu-
nities, concluding that the term is ambiguous. Here, we have modelled
one speciﬁc type of Coral Gardens, and the exercise proved useful. Along
the same lines as Bullimore et al. (2013) we also found that Deep Sea
Sponge Aggregations are not adequately deﬁned by OSPAR, and that
they contain at least three distinct habitat types, including thecommunity known as ostur characterized by the presence of Geodid
sponges on soft substrate with a sponge spicule cover. Once the class
was divided, the three resulting classes turned out to have non-
overlapping spatial distributions (Figs. 4–6), which in turn responded
to different sets of environmental variables (Table 3). Ostur is predicted
(and known) to occur in massive, dense aggregations at the Egga shelf
and Tromsøﬂaket area (Fig. 5).
Direct or indirect coupling between predictors and responses is also
needed for increased model performance and these links can vary with
spatial resolution (e.g. Svensson et al., 2013). While it is most common
to use terrain variables to predict habitat (e.g. Rattray et al., 2009, Ross
and Howell, 2013), in this paper we have used surﬁcial geology vari-
ables (grain size and sedimentary environment), and at least one of
them was among the top-two predictors in four of the six classes
modelled, highlighting the importance of using substrate data as
predictors.
Another factor playing an important role in the applicability of
the ﬁnal map is what threshold was used to delineate the boundary
of the habitat? Other authors have said that the density of the
qualifying species needs to be at least 10 times the background den-
sity (Rogers and Gianni, 2009), but the problem remains as to how to
measure the background density? OSPAR has made attempts to
make the density of colonies or individuals a criterion in the deﬁni-
tion of habitats (e.g. for Coral Gardens, Christiansen, 2010). This ap-
proach has not succeeded owing to difﬁculties in adequately
quantifying the variation of density across space (Bullimore et al.,
2013; ICES, 2007) but should such a ﬁgure be available it would be
straightforward to use it to classify the spatial predictions from a
model.
In conclusion, for mapping (and ultimately conservation) purposes
it is fundamental that classes, whether habitats or biotopes are clear
natural unitswith homogeneous species composition and indicator spe-
cies that are representative of their distributions, and to adapt the scale
of observation to the scale of the patches they form. Using the relevant
variables should prove most useful in model interpretation but it
292 G. Gonzalez-Mirelis, P. Buhl-Mortensen / Ecological Informatics 30 (2015) 284–292signiﬁcantly improvesmodels. Threshold values based on observed var-
iation of density across space urgently need to be incorporated into hab-
itat and biotope deﬁnitions so that they can be used to classify maps
objectively.
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